Introduction
This chapter provides another perspective on the impact of resource extraction on local economic growth by focusing on agricultural growth. 1 The issue of interest is whether opening gold mines has spillover effects on the local economy, especially on agriculture. Agricultural production could be affected by mining in several ways, including a rise in local wages, reduced profit margins, and the exit of families from farming-something akin to a localized Dutch disease. Negative environmental spillovers, such as pollution or local health problems, could also dampen productivity of the land and of farmers, thereby reducing the viability of farming. Alternatively, mining could create a miniboom in the local economy through higher employment and wages that can lead to an increase in local-area aggregate demand, including for regional food crops.
In this chapter, remote sensing data are used to estimate levels and changes in agricultural and nonagricultural production in gold mining and nonmining localities in Burkina Faso, Ghana, Mali, and Tanzania. The study investigates the spatial relationship between mining and local agricultural development by using a vegetation index as a proxy for agricultural production. To estimate the level and composition of production-agricultural and nonagricultural-at the local level, the study selects a specified distance circle around mining areas. For all four countries, 32 large-scale gold mines were identified (see table 4.1 and box 4.1 in chapter 4).
Satellite remote sensing missions are generally designed for specific applications, often earth-sciences-related, such as vegetation classification and weather forecasting. Very few, if any, sensors are designed for social science applications (Hall 2010) . The Defense Meteorological Satellite Program Operational Linescan System (DMSP-OLS) sensor, also known as night lights, has attracted recent attention due to its capability to depict human settlement and development. The sensor is sensitive enough to detect streetlights (Sei-Ichi et al. 2010 ). The light detected by the DMSP-OLS is largely the result of human activity, emitted from settlements, shipping fleets, gas flaring, and fires from slash-and-burn agriculture. As such, night light imagery is a unique view of the Earth's surface to highlight human activity. One of the central uses of the night lights data set is as a measure of and proxy for economic activity.
The relationship between economic activity and light has been explored by several authors, and all conclude there is indeed a positive relationship between the light emitted and level of economic development within a region. This understanding has been used to estimate both levels of income as measured by gross domestic product (GDP) and its growth. This chapter aims to contribute to the literature on the connection between extractive industries and local clustering of economic activity using remote sensing data.
We start with a literature review of remote sensing and economic activity, with a particular focus on agriculture. This is followed by a description of the data used, and then a description of the various methodologies and their results, including the econometric results using a difference-in-differences estimation framework. This framework was previously used to understand the economic effects of gold mining in Africa by Aragón and Rud (2015) , Kotsadam et al. (2015) , and Tolonen (2015) . The chapter closes by offering conclusions on using remote sensing data to estimate the level and growth of gold mining on local economic activity such as agriculture.
Remote Sensing and Economic Activity
Several recent economic studies have exploited human-generated night lights data to understand the structure, growth, and spatial distribution of economic activity in countries or localized areas (Chen and Nordhaus 2011; Doll, Muller, and Morley 2006; Ebener et al. 2005; Elvidge et al. 1997; Ghosh et al. 2010; Henderson, Storeygard, and Weil 2012; Sutton and Costanza 2002) .
An early identification of the strength of the relationship between night lights and economic development was made by Elvidge et al. (1997) , who explored the relationship between lighted areas and GDP, as well as population and electrical power consumption in Madagascar, South American countries, the United States, and several island nations of the Caribbean and the Indian Ocean. Using simple linear regression over a six-month period (October 1994 to March 1995 , they found that GDP exhibits a strong linear relationship with lighted areas. Their study is unique in that it associated the relationship between economic activity and lighted areas; most other studies using such data relate economic activity to light intensity. Doll, Muller, and Morley (2006) were one of the first to apply Elvidge et al. 's (1997) relationship to estimating economic activity on a national and subnational basis. These authors identified a unique linear relationship between gross regional product and lighting for the European Union and the United States using a six-month period (October 1996 to March 1997); they found that one linear relationship was not appropriate because some cities were outliers. However, once the outliers were removed, they were able to generate simple linear regressions-which showed strong links between gross regional product and light intensity-for each country. They used this to generate a gridded map of gross regional product at the 5-kilometer level.
Building on this approach, Ghosh et al. (2010) used gross state product, GDP, and light intensity in 2006 for various administrative units in China, India, Mexico, and the United States to obtain an estimate of total economic activity for each administrative unit. These values were then spatially distributed within a global grid using the percent contribution of agriculture toward GDP, a population grid, and the night lights image. This is an improvement over Doll, Muller, and Morley (2006) , in the sense that it was able to assign economic activity to agricultural areas, which are not usually picked up by the night lights data set since these areas are not often lit. This is an important observation about night lights data that will inform our study.
Chen and Nordhaus (2011) was one of the first studies to exploit time-series variation in GDP and night lights. To show the strength of the correlation between economic activity and night lights, their method assigns weights to light intensity to reduce the difference between the true GDP values and the estimated GDP (that is, they minimize the mean squared error) for all countries of the world for 1992 to 2008. They show that light intensity data do not add much value to data-rich countries; in other words, the night lights data do not provide additional information from what has already been obtained from the actual data. The opposite is true for data-poor countries. The authors show that GDP estimation using night lights in data-poor countries, both at the national and subnational level, improves substantially with night lights data.
One of the most recent applications of the night lights data set to economic activity is by Henderson, Storeygard, and Weil (2012) . Rather than exploring the relationship of lights with GDP levels, they look at the relationship between real GDP growth and GDP growth estimated using night lights. Like Chen and Nordhaus (2011) , they use a time series of growth and night lights data for 1992 to 2008. Their statistical model correlates GDP growth using country-specific economic data with light-intensity values. Similar to Chen and Nordhaus, they construct different weights for the night lights data and existing economic data based on the quality of the economic data. They find large differences (both positive and negative) between the recorded economic growth and the estimated growth for countries with "bad" data.
In general, this short review of the literature using remote sensing data leads to two conclusions. First, it demonstrates that these data provide a strong and accurate prediction of economic activity. Second, although various types of remote sensing data are available, the one that is most widely used tends to be night lights data. To date, most studies have used light intensity rather than lighted area to explain either GDP or growth within and across countries in a given year, and, on a few occasions, over time. However, night lights, while certainly informative of human activity, do not exhaust economic activity in all places. In particular, in countries where electricity is unreliable and there is significant reliance on generators for production activity, night lights could be underestimating economic activity. This would be true especially if generators are not turned on at night for cost reasons. In addition, in mostly rural countries where the mainstay of the economy is agriculture, an overreliance on night lights might miss a big fraction of economic activity, even if electricity is reliable. Fortunately, remote sensing data can be used for capturing agricultural activity as well. We now discuss one such datum.
Numerous methods exist for estimating the production of agricultural commodities in a specified geographic area using remote sensing technology. But most approaches rely on the idea that vegetation, including crops, is very reflective in the red and near-infrared wavelengths. Combinations of these two wavelengths (that is, vegetation indexes) are good measures of plant vigor and are the mainstay of nearly all approaches to crop yield estimation (Lobell 2013) . Yields are then estimated by establishing the empirical relationship between groundbased yield measures and some vegetation indexes, typically the Normalized Difference Vegetation Index (NDVI), which is a measure of greenness.
Errors in remote-sensing crop-yield estimates vary, mainly as a function of sensor properties (spatial-, temporal-, and spectral-resolution) and landscape complexity. The classification of crop types is more problematic in regions characterized by multiple crops with similar life cycles (that is, phonologies), or in regions with intercropped fields (Lobell 2013) . Additional complexity is added with cassava, a major crop for which even farmers have difficulty estimating yields, basically because it is a root crop with staggered harvesting but also with widely differing above-ground architecture. Sometimes overlooked is the problem of cloud cover in satellite-based remote sensing, which could severely limit the number of available observations for a particular geographic region. Nevertheless, yield estimation in mixed cropping systems, which are characteristic of African smallholder agriculture, should be possible using a remote sensor platform with the correct properties.
Long-term analysis of the NDVI can reveal important information on vegetation anomalies caused by variations in rainfall, temperature, and sunlight (irradiance), as well as the trend for a certain location. Phenological metrics-such as the start and end of growing seasons, length of season, midseason time, seasonal amplitude in the NDVI, and the rate of increase and decrease at the beginning and end of a season-can be related to management and crop yields for individual years and for longer periods. Medium-resolution remote-sensing data from the moderate resolution imaging spectroradiometer, known as MODIS, are available from 2000, aggregated into 16-day averages (for every 16 days, observations are available on how the vegetation changes at each pixel level).
2 Phenological metrics are extracted using Timesat software, which gives information in graphs showing how the vegetation changes at every pixel (Eklundh and Jönsson 2012) .
For mapping the output of agricultural products using remote sensing that can be compared to other data that are thought to control crop yields, we use explanatory variables-such as greenness, temperature, moisture levels, and management variables-which are then statistically analyzed to derive the relative importance of each variable in driving crop yields. The literature contains several examples of this approach (for example, Lobell et al. 2005 ), but few that account for spatial autocorrelation and other peculiarities associated with spatial data analysis. Thriving on the possibilities of remote sensing data (large sample size compared with others), we attempt to identify interactions, nonlinearities, or thresholds that are not evident in small samples and from using ordinary statistical tools.
A second method to study causes of yield gap is to examine the spatial distribution of average yields, with the average calculated over varying lengths of time. The basic idea is that longer periods will show less spatial variation than averages for shorter periods, since factors that are less persistent tend to cancel out across years. This approach has been used extensively by David Lobell in various study sites (Lobell 2013) . Among other things, the steepness of these curves can provide insights into the persistence of spatial yield differences throughout the study period. This can then be related to other persistent factors (soil quality, hydrology, and so on). Lack of persistence of yield patterns does not suggest that, for example, farmer skills or socioeconomic factors are not important, but rather that variations in these factors are not sufficient to explain yield differences.
Data
Three sources of remote sensing data are used to estimate the effects of gold mining on local economic activity: night lights, the NDVI, and forest loss. Night lights data are from the National Oceanic and Atmospheric Administration's National Geophysical Data Center, which produces three annual night light products: cloud-free composite, average visible lights composite, and stable lights composite. 3 For this study, these data were processed in two steps. First, gas flares were removed using a set of shapefiles from the Environmental Systems Research Institute, which contain polygons outlining the location of gas flares for each country. 4 Second, the data were intercalibrated to allow cross-year analysis. The intercalibration procedure developed by Elvidge et al. (2009) was aimed at overcoming the limited comparability of the DMSP-OLS data by calibrating each composite against one base composite. It is a regression-based technique that works under the assumption that the lighting levels in a reference area remain relatively constant and can therefore be used as the dependent variable. Table 5 .1 shows the satellite-year pairs used for the intercalibration. As indicated in the table, satellite F18 and year 2010 (denoted as F182010) were chosen as the base composite because, overall, its pixels contained the highest intensity, measured by digital numbers. 5 Next, for each composite the following quadratic regression equation was estimated:
(1) Table 5 .1 shows the resulting calibration coefficients (C), which were applied to each composite so that a new value (y) was calculated based on the original value (x). Any values over 63 were truncated so that the range of the values remained between 0 and 63. In principle, we can obtain light-intensity data for very small areas, up to a cell size of 1 square kilometer. Alternatively, one can take the average over small areas and create 21 composites, each representing one year of night lights between 1992 and 2012.
Since the focus of the analysis is on assessing the impact of mining on local economic activity, a measure of the total intensity of lighting is created-a sum of light-for all the cells around the mining areas, and for each unit of the lowest administrative level possible in each country. The latter helps us link the intensity of light to local economic activity, where, unlike the areas around a mine, the locality here is defined as a district.
The NDVI data are provided as a global data set, with a 16-day temporal resolution and a spatial resolution of 250 × 250 meters. 6 The NDVI is a dimensionless spectral index that relates to the photosynthetic uptake by vegetation (Myneni and Williams 1994; Sellers 1985) . It is calculated from the near infrared and red wavelength bands by using the following relationship:
It has been shown that the NDVI is related to vegetation greenness, the leaf area index, and the primary productivity of vegetation (Johnson 2003;  Paruelo et al. 1997). Furthermore, Hill and Donald (2003) documented that a time series of the NDVI can be used to assess changes in vegetation cover and responses over time. It can also be used to estimate agricultural yields (Labus et al. 2010; Ren et al. 2008) . This makes it possible to evaluate vegetation status and agricultural productivity on a large scale by using remotely sensed NDVI in regions where field data are sparse. To decrease the NDVI data's processing time, a mask was constructed to exclude areas not associated with the agricultural economy, which was produced by combining land covers from the MODIS Land Cover Type product. 7 The MODIS land cover scheme identifies 17 land cover classes, which include 11 natural vegetation classes, three developed and mosaic land classes, and three nonvegetated land classes. 8 Here, desired classes were croplands (number 12) and the cropland/natural vegetation mosaic (number 14). For areas within these two classes, yearly amplitude in the NDVI was calculated.
The global data set of Hansen et al. (2013) was used to quantify forest loss annually.
9 This is a map of the extent, loss, and gain of global tree cover from 2000 to 2012 at a spatial resolution of 30 meters. The data set improves on existing knowledge of global forest extent and change by being spatially explicit, quantifying gross forest loss and gain, providing annual loss information, and quantifying trends in forest loss. Forest loss is defined as a stand-replacement disturbance or the complete removal of tree cover canopy at the Landsat pixel scale. Tiles were merged into larger composites and reclassified into 12 layers, one for each year, thus separating each individual forest-loss year. The sum of forest loss was calculated in the same way as night lights.
Agricultural production data were obtained from the statistics offices in Ghana, Mali, and Tanzania to analyze the relationship between the NDVI and agricultural production. The data were compiled at the district level and represent all agricultural products produced during one year. 
Growth Model and Results
To use remote sensing data, it has to be demonstrated that they can indeed predict or track the pattern of data collected through statistics offices. In other words, it is important to demonstrate the strength of the correlation between the remote sensing data and the actual data collected by national administrative agencies. Especially for the NDVI, some knowledge of the agricultural production at the district level, and preferably for local administrative units, is needed.
Our analysis of the growth model and the results has three parts. First, we establish the correlation between the NDVI and actual agricultural production. Second, we estimate the national and local growth model based on time series analysis covering 2001 to 2012 at the district level in the case study countries, and combine night lights, NDVI, and forest-loss data to estimate the size of a local economy. Third, we apply a difference-in-differences framework to estimate the effect of mining on local economic activity, focusing on local agricultural production.
NDVI and Agricultural Production
The remote sensing data allow the computation of the NDVI for areas of any size, but actual agricultural production data are only available at the district level for this study. Therefore, the first task is to show a spatial correlation of the NDVI and actual agricultural production at district level. An important difference between spatial and traditional (aspatial) estimations, such as ordinary least squares regression, is that spatial statistics integrate space and spatial relationships directly into their models. Depending on the specific technique, spatial dependency can enter the regression model as relationships between the independent variables and the outcome variable, between the outcome variables and a spatial lag of itself, or in unexplained (that is, error) terms. Geographically weighted regression is a spatial regression, applied to small geographic areas, which generates parameters disaggregated by the spatial units of analysis. This allows for an assessment of the spatial heterogeneity in the estimated relationships between the independent and dependent variables (Fotheringham, Brundsdon, and Charlton 2002) .
The analysis shows a strong association between actual (or reported) agricultural production and the NDVI using spatial regression. Map 5.1 illustrates the varying spatial relationship between the two estimates of agricultural production using 2007 data: the NDVI, and official statistics covering agricultural production. Other years show similar results, and the summary of the strength of the association is shown in annex figure 5A.1 and annex table 5A.1. The sum of the NDVI at the district level is used as a predictor for the level of agricultural production. The pattern that emerges is one of a highly to moderately strong correlation between agricultural production and the NDVI in areas with high population densities. In most years and countries-with the exception of Mali-over 60 percent of the variation in district-level agricultural production can be explained by the differences in the average district-level NDVI intensity (see annex table 5A.1). We were not able to determine whether the agricultural data include nonmarketed production, which in all these countries could be substantial. That said, the strong correlation between the NDVI and agricultural production gives us confidence to use this index to predict agricultural production for small areas-say, around a mine.
National Growth Model
Whether gold mining has substantial economic benefits-spillover effects-on local economies in addition to its impact on agriculture is of interest. We have Source: Authors' calculation using remote sensing and agricultural production data. Note: GWR = geographically weight regression.
shown that the strong association between the NDVI and agricultural production justifies the use of NDVI data for measuring changes to agricultural production around gold mines. Similarly, one could use the night lights data, which have been demonstrated to predict economic activity and capture changes to the local economy around mines. Although district-level agricultural output data are available, district-level GDP information are not. Consequently, a national model is needed to estimate aggregate GDP; parameters from this model can then be used to obtain local economic production.
The basic estimation strategy follows Henderson et al. (2012) , whose framework can be shown as:
where g jt is the true GDP of country j in time t. X jt is the level of observed night lights at corresponding country and time, c j and d j are country and year fixed effects, and e jt is the error term. This model of an aggregate economy suggests that total production-or total economic activity (or its changes)-is explained by the level of measured night lights (or its percentage growth) observed by satellite adjusted for country-and time-invariant effects and an error term. Following standard practices, the error term is assumed to be uncorrelated with the GDP measurement. Given that GDP and night lights come from two independent sources, the assumption seems to be appropriate. However, using gridded data of land cover and night lights, we find that it is possible for agriculture's value-added to increase without emitting more observable night lights into space. If this is the case, then the error term is actually dependent on the agricultural share since the higher the share, the higher the measurement error from the night lights.
Given this observation, our estimation follows the framework in equation 1, but takes note of the fact that not all economic growth, especially in heavily agricultural societies, is captured by growth in observed night lights. The working assumption here is that night lights observed in space are the result of growth in only the nonagricultural sector. We therefore split the Henderson et al. (2012) 
Equation 3 is the familiar model that links GDP level (or growth) to the sum (or growth) of night lights. We argue that this model is mostly predictive of nonagricultural data. In equation 5 we extend this model to the agricultural sector by introducing two variables: MODIS NDVI and forest loss. Finally, a year dummy (2004 as a cutoff year) is added to obtain three models of income (growth) for each country, combining night lights, the NDVI, and forest loss, that is:
Log GDP ~ Log Night lights + Year dummy.
Log GDP ~ Log Night lights + NDVI + Year dummy.
Log GDP ~ Log Night lights + NDVI + Forestloss + Year dummy.
The rationale for using a year dummy-and specifically 2004-is related to Ghana rebasing its GDP around 2006, and commodity prices starting to rise about that time. The model is designed so that the regression line departs from the origin, with the y-intercept being equal to 0. The rationale behind not using the intercept is that in the second step of the model, we are estimating local growth by using the national growth model to fit with local parameters at the district level. The dynamics of the local economy are dependent on the relationship between the variables used in the national growth model. Including a national intercept term would result in a mismatch due to the spatial scale of the local estimations. Figure 5 .1 shows the correspondence between the actual evolution of aggregate production and the pattern of predicted output that can be obtained using the three different models (equations 6-8) for each country. Three observations can be drawn from figure 5.1. First, the remote sensing data are strongly predictive of the actual evolution of GDP in all countries, and with better-predicted levels of GDP when including all three types of remote sensing data. The best fit is the model for Ghana, especially after 2004. In Burkina Faso and Mali, the actual log (GDP) and predicted log (GDP)-using log night lights, forest loss, and the NDVI-are very close for almost every year except for larger spikes in 2001 and 2009. Although the correlations are strong for Tanzania, there are periods when the remote sensing data underestimate and others when they overpredict total production. Similar data spikes, especially for log night lights, can be observed in Tanzania. The odd pattern in the last years of the model for Burkina Faso, Mali, and Tanzania is similar to that observed for night lights data at the global level (annex figure 5A.2 ). This pattern might be explained by a combination of the following reasons related to night lights: real variation in the night lights data between years, calibration effects, and truncation of values over 63 (light-intensive over 63).
Second, as expected, night lights alone are not sufficient to predict aggregate production. While it is true that night light stand out as strongly correlated with GDP, the NDVI's inclusion improves the fit of the model (table 5. 2). In fact, the country models seem to suggest that night lights with the NDVI perform better than any other specification (for example, night lights, the NDVI, and forest loss) in predicting log (GDP). Only in Ghana is the forest loss statistically significant. Results from the other countries do not show any statistical significance by adding forest loss, so this variable is dropped in all the estimation models.
And third, even though agriculture accounts for the largest share of economic activity in all these countries, the NDVI is strongly statistically significant only for the Burkina Faso and Mali models. Adding forest loss to the model does not change the model fit, and the variable is only significant in Ghana. The year dummy is strongly statistically significant for Ghana, but does not influence the results for the other countries.
Growth Model at the District Level
Ideally, we would like to estimate a model linking GDP at the local level to georeferenced data. Unfortunately, while the georeferenced data can be compiled for areas smaller than even a district, administrative data for district-level GDP are not available for the case study countries. Therefore, the parameters of the relationship between GDP and georeferenced data at the national level are used to impute district-level production in each country. The models are based on the regression results from equations 6-8 and are presented in table 5.3.
When developing the growth model for districts, several methods were used to provide accurate dimensions for the local economy. Population data and average district-level household expenditures were included as weights in the model estimating local growth patterns. However, population at the district level was highly correlated with night light intensity at the district level, and average household expenditures at the district level were highly correlated with GDP at the local level (see annex figures 5A.3 and 5A.4 for correlation analysis), and therefore were not used in the estimations.
The results of the district-level growth patterns are displayed in a series of maps and graphs in annex 5A. Annex map 5A.1 presents maps of the imputed growth patterns at the district level. The maps tag districts into those that are predicted to have had negative, moderate, or high growth. These maps provide a visual display of the geography of growth in each of the case study countries.
The maps lead to three main conclusions. First, average growth in goldmining districts appears to be higher than in nonmining districts. In Ghana, average growth rates turn positive if the growth in districts neighboring mining districts are taken into account. Annex map 5A.1 suggests that effects of mining could evolve differently around mining and nonmining areas in different countries. And the differential evolution could have an impact on local economic growth. However, to test whether these spatial patterns of measured local economic growth are due to mining requires a more rigorous test than a mere visual inspection. A suitable test and the results follow. 
Night Lights and the NDVI in a Difference-in-Differences Framework

Empirical Framework
To understand whether night lights and the NDVI in mining communities are linked with the onset of mining, a difference-in-differences empirical estimation strategy is used. 10 This strategy allows comparison of outcomes in the geographic proximity of mines with areas farther away, both before and after mines start producing. In effect, this involves making three comparisons: close to and far away, before and after, and both comparisons at the same time. The cross-sectional differences in areas with and without an active mine are modeled as:
where Y is the outcome variable (night lights and the NDVI), active is a binary variable that takes the value 1 if the mine is active in that year, and subscript j is for the mine and t for the year. The importance of proximity can be modeled as:
where close captures the cross-sectional difference between areas that are close to mines and those that are further away. The interest is in knowing the relative change that happens in the geographic proximity of mines with the onset of mine production, compared with what happens far away from the mine. This is captured by the difference-in-differences estimation model, which includes an interaction effect of the two binary variables, as follows:
where d j is a mine fixed effect, which means that any change that is peculiar to a mine is accounted for. Year fixed effects, which will take care of year-specific shocks that happen across all mines, are also captured. To decide the relevant distances for examining the footprint of gold mines, the analysis draws guidance from recent studies in the African context (see chapter 4). These studies find that areas up to a 20-kilometer (km) radius are relevant, and that beyond 50 km mines have little economic footprint. Because we rely on the geographic results found in this study, a distance of 10 km is chosen to understand the footprint close to mines. This is compared with an area 10 km, 20 km, 30 km, and 50 km to 100 km away. The total sample size is 32 large-scale gold mines in Burkina Faso, Ghana, Mali, and Tanzania. Figure 5 .2 explores the change in the different distances from a mine over its lifetime. The figures are based on summary statistics, and do not control for any systematic differences across the mines. Overall, it seems that areas very close to mines are on a steeper trend in night lights than those farther away, especially closer to a mine opening year. One interpretation of this pattern is that from a few years before a mine starts extracting gold, economic activity that emits night lights increases in these areas. One reason why this happens before the mine opening year is because mines are capital-intensive and the local economy is stimulated during this investment phase, a pattern confirmed in previously mentioned econometric studies. For the NDVI, no big difference in patterns is observed across mining and nonmining areas. Although both areas seem to be on an upward-sloping trend, this needs to be interpreted with caution, because it can be driven by the unbalanced sample.
Results
11 If anything, we detect that areas close to mines are getting relatively greener over time compared with areas farther away. Table 5 .4 shows the regression results from the strategies outlined in the empirical framework section. The results indicate there are clear increases in night lights close to mines. The strongest effects are found within 10 km of a mine for log night lights. The measures are simple differences, and compare within a given area before and after a mine opening. The larger the distance used to define the area close to a mine, the smaller the effect sizes. Note that these estimates are simple differences and do not take into account local trends in night lights (for that, see the difference-in-differences analysis that follows and table 5.5). The model also possibly overestimates the effect size because it does not capture changes in the composition of local production with just night lights. For instance, if households engaging in subsistence farming do not have electricity, but demand it to change to more modern sectors at the time of a mine opening, then the increased demand for electricity will lead to an increase in Note: Clustered standard errors at the mine level are in parentheses. The difference-in-differences estimate compares outcomes close to mines with far away (20-100 km), and before and after mine opening. The two years preceding the mine opening year are excluded from the analysis. Close is defined as within 20 km of a mine. FE = fixed effect; NDVI = Normalized Difference Vegetation Index. ***p < 0.01. night lights. However, the decrease in farming that will result from occupational switching will not be reflected in the changes in night lights if subsistence farming does not use electricity. In such a scenario, the effect of a mine on the local economy would be overestimated. Findings from the difference-in-differences analysis are presented in table 5.5. The results do not show any robust increases in night lights or the NDVI in mining communities at 20 km, compared with those farther away (20-100 km). The estimated effects are insignificant for the main treatment coefficient active_close. The statistically significant coefficient for active in the first specification shows more night lights across the whole area after mine opening compared with before. The coefficient is insignificant when controlling for year fixed effects, which indicates trends in night lights. Assessing the visual evidence in figure 5 .2 suggests only a modest increase in night lights within 20 km of a gold mine around the time of its opening, but that this is not true in the long run.
If mines increase the urbanization rate or lead to decreased local farmingas found by Aragón and Rud (2015) -greenness in mining areas should decrease. In short, values of the NDVI measure of greenness used in our model should decline. Table 5 .4 shows that areas close to mines have higher levels of the NDVI (columns 1, 2, and 4). This could be indicative of mining areas being more rural in general. However, the interaction terms (table 5.5, columns 3 and 4) are statistically insignificant and negative, indicating that the NDVI does not change statistically with the onset of mining.
Conclusions
The objective of this chapter was to use remote sensing data to estimate the level and growth of local economic activity around mining areas in Burkina Faso, Ghana, Mali, and Tanzania. The analysis was divided into two parts.
First, it established the spatial relationship between the NDVI, a greenness indicator, and actual agricultural production at the district level on one hand, and night lights and overall economic output (GDP) on the other. The remote sensing data sets used in the study covered 2001-12, providing not only high spatial resolution but also a time series perspective to account for change over time. The results were encouraging. The analysis found that the NDVI and night lights are good predictors (a relatively high R-squared) of economic activity in these countries. However, forest loss as a predictor of economic growth did not provide increased explanatory power to model economic growth on the national level, so it was dropped when modeling economic growth on local levels.
Second, having shown that remote sensing data provide a useful measure of economic activity, the chapter makes use of these data to compare growth in economic activity around mining areas to those far away using a difference-indifferences framework.
The findings can be summarized in two points. One, the analysis of a selected set of 32 gold mines from four African countries (Burkina Faso, Ghana, Mali, and Tanzania) suggests the onset of mines is associated with increased economic activity-as proxied by night lights-within the vicinity of the mines. Graphical analysis of the night lights data shows strong increases in night lights in mining communities within 10 km of a mine in the years immediately before its opening and the years following. A simple difference-in-differences analysis illustrates that areas very near mines (within 10 km) have significantly higher levels of economic activity after a mine opening. 12 However, the difference-indifferences analysis illustrates that over time, areas near mines are not significantly better off than areas farther away. This may partially indicate that with time, the economic benefits from mining spread over a larger area from a mine's center point. The finding that economic growth increases is in contrast to the common perception that views large-scale mines as economic enclaves separated from the local economies.
Two, despite the risks that mines pose to agricultural productivity (for example, through environmental pollution or structural shifts in the labor market), there is no evidence of a decrease in greenness, which is the measure of agricultural production. 
